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In this study, a simplemodelwas developed to estimate crop gross primary productivity (GPP) using a product of
chlorophyll-related vegetation index, retrieved fromMODIS 250 m data, and potential photosynthetically active
radiation (PAR). Potential PAR is incident photosynthetically active radiation under a condition ofminimal atmo-
spheric aerosol loading. This model was proposed for GPP estimation based entirely on satellite data, and it was
tested in maize and soybean, which are contrasting crop types different in leaf structures and canopy architec-
tures, under different crop managements and climatic conditions. The model using MODIS 250 m data, which
brings high temporal resolution and moderate spatial resolution, was capable of estimating GPP accurately in
both irrigated and rainfed croplands in three Nebraska AmeriFlux sites during growing seasons 2001 through
2008. Among the MODIS-250 m retrieved indices tested, enhanced vegetation index (EVI) and wide dynamic
range vegetation index (WDRVI) were the most accurate for GPP estimation with coefficients of variation
below 20% in maize and 25% in soybean. It was shown that the developed model was able to accurately detect
GPP variation in crops where total chlorophyll content is closely tied to seasonal dynamic of GPP.

© 2012 Elsevier Inc. All rights reserved.

1. Introduction

Gross primary productivity (GPP) is the total amount of carbon
dioxide that is fixed by plants in photosynthesis. Currently approxi-
mately 12% of Earth's land surface is cultivated cropland (Wood
et al., 2000) and crop GPP contributes approximately 15% of global
carbon dioxide fixation (Malmstrom et al., 1997). Thus, accurate
and synoptic GPP estimates in crops can provide valuable information
for global carbon studies and agricultural applications. Satellite re-
mote sensing is a powerful and expedient tool for assessing crop
GPP at regional and global scales, which is essential for estimation
of carbon budget and provides objective information for policy deci-
sions related to food security and environmental regulation
(Cassman & Wood, 2005).

Many approaches have been developed to assess GPP with remote
sensing techniques. Monteith (1972, 1977) suggested that GPP can be
expressed as a product of fraction of absorbed photosynthetically
active radiation (fAPAR), incident photosynthetically active radiation
(PARin) and light use efficiency (LUE), which is the efficiency of the
absorbed PAR converted into biomass. Based on this concept, fAPAR
was approximated by the normalized difference vegetation index —

NDVI (Rouse et al., 1974), which can be retrieved from satellite
data. LUE is commonly regarded as a near constant value. The prob-
lems of such approaches are: (a) a significant decrease in the

sensitivity of NDVI to moderate-to-high vegetation density when
fAPAR exceeds 0.7, which is typical for crops (e.g., Asrar et al., 1984;
Gitelson et al., 2006; Kanemasu, 1974; Viña & Gitelson, 2005), and
(b) the species-specific rather than the merely biome-specific varia-
tion of LUE (e.g., Ahl et al., 2004; Ruimy et al., 1994). In order to ac-
count for the variations of LUE, some remote sensing models use
look-up tables of maximum LUE for specific vegetation types, and
these values are then adjusted downward by considering environ-
mental stress factors (Anderson et al., 2000; Ruimy et al., 1994;
Running et al., 2004; Xiao et al., 2004b; Yuan et al., 2007). The photo-
chemical reflectance index (PRI) was proposed as a proxy of LUE at
different scales from leaves to entire canopies (Gamon et al., 1992).
However, a model that can effectively explain the variation of LUE,
resulting in a significant increase in the accuracy of GPP estimation,
is yet to be developed.

Another approach is to estimate GPP by using process-based
models (e.g., Potter et al., 1993; Xiao et al., 2004a, 2011). Numerical
schemes were developed to integrate different data types: remote
sensing data, daily meteorological data, and soil data grouped in poly-
gons (e.g., Liu et al., 1997). This approach requires estimates of cano-
py light absorption or leaf area index that can be retrieved from
satellite data, as well as spatial data on climate, topography and soil
physical characteristics. The daily meteorological data usually in-
cludes air temperature, incoming shortwave radiation, precipitation,
and humidity. The soil-data input indicates the available water-
holding capacity. This approach was successfully used for estimating
GPP of different vegetation types, however, it requires a lot of ancil-
lary data for accurate GPP estimation.
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Since total canopy chlorophyll (Chl) content was found to be a very
direct expression of the photosynthetic apparatus of a plant community
(Medina & Lieth, 1964; Whittaker & Marks, 1975), especially in crop-
lands where total Chl content closely follows the dynamic of GPP
(Osborne & Raven, 1986), a paradigm was developed to assess crop
GPP via the estimation of total crop Chl content (Gitelson et al., 2003,
2006). Based on this paradigm, several approaches have been devel-
oped to estimate GPP using satellite data. Using Medium Resolution
Imaging Spectrometer (MERIS) data, MERIS terrestrial chlorophyll
index (MTCI) was tested for evaluating GPP across a variety of land
cover and vegetation types, and it showed great potential for estimating
GPP in croplands, grassland and deciduous forest (Almond et al., 2010;
Harris & Dash, 2010; Wu et al., 2009). Xiao et al. (2004b) assessed GPP
of U.S. terrestrial ecosystems with Moderate Resolution Imaging
Spectroradiometer (MODIS) vegetation index (VI) products as indica-
tors of vegetation Chl content and auxiliary climate data. Gitelson
et al. (2008) estimated crop GPP by employing Chl-related VI retrieved
from Landsat ETM+images.

A simple model was suggested to relate crop GPP to a product of
Chl-related VI and incoming photosynthetic radiation (PARin)−
GPP∝VI×PARin (Gitelson et al., 2006; Peng et al., 2011). It was
shown that the VI-PARin-based model was able to accurately estimate
GPP in crops using MODIS data (Wu et al., 2010, 2011), as well as
MERIS data (Boyd et al., 2012). However, this model requires PARin

ancillary data. Sakamoto et al. (2011, 2010) estimated GPP using sole-
ly remotely sensed data with MODIS-retrieved wide dynamic
range vegetation index (WDRVI), as a proxy of total Chl content,
and shortwave radiation (SW) data of NASA reanalysis dataset
(North American Land Data Assimilation System, NLDAS-2) as a sub-
stitute for PARin−GPP∝WDRVI×SW. The model was able to accu-
rately estimate GPP in maize croplands. However, SW, retrieved
from NLDAS-2, and ground observed PARin are not closely related
and there is a potential for significant uncertainties of GPP estimation
(Sakamoto et al., 2011, 2010).

Gitelson et al. (2012) suggested using a product of Chl-related VI
and potential photosynthetic active radiation (PARpotential)−
GPP∝VI×PARpotential for estimating crop GPP. PARpotential is PARin

under conditions of minimal aerosol loadings and represents the sea-
sonal changes in hours of sunshine (i.e. day length). It was not
suggested as a substitute for PARin but rather as a better than PARin

representative of incident radiation affecting crop photosynthesis.
The model is based solely on remotely sensed data since PARpotential

could be calculated using the 6S radiative transfer code (Vermote et
al., 1997) for a “clean” (non- absorbing) aerosol model with optical
thickness of 0.05 at 550 nm and water vapor below 1 g/m2. The
solar irradiance at the top of the atmosphere, geographic coordinates
and solar angle for a given location should be used as input data
(Kotchenova & Vermote, 2007). Another way to get PARpotential is to
use a look-up table (LUT)-based algorithm (Lyapustin, 2003),
providing PARin as a function of solar zenith angle, column water
vapor and optical thickness for several different representative aero-
sol models.

The model using PARpotential was applied to estimate GPP accurately
in irrigated and rainfed maize–soybean croplands during an 8-year
period with Landsat data, and appeared to be superior to the
VI-PARin-based model (Gitelson et al., 2012). However, poor temporal
resolution of Landsat data (one scene per 16 days, only 4–10 images
per growing season in Nebraska) may be an issue for environmental
monitoring.

In order to monitor crop dynamics more frequently, one needs to
turn to satellite data with much higher than Landsat temporal resolu-
tion. The MODIS 250 m products with high temporal resolution have
been increasingly used for crop mapping and monitoring. It provides
daily observations for the globe, and it is feasible to provide reliable
spatial information for typical size of cropped fields in North America.
Since the VI-PARpotential-based model has been successfully applied to

Landsat data to estimate GPP in croplands, it is necessary to explore
the potential of applying this model to MODIS 250 m data to monitor
crop GPP with high temporal resolution.

The objectives of this study are: (1) to test performance of the
VI-PARpotential-based model for estimating GPP in irrigated and
rainfed maize–soybean croplands using MODIS 250 m data; (2) to
examine and compare uncertainties of the models for GPP estimation
with PARpotential, PARin and SW (retrieved from NLDAS-2); and (3) to
evaluate the sensitivity of the chlorophyll-based model to estimate
GPP of water-stressed crops.

2. Data and methods

2.1. Study sites

In this investigation, the data from three AmeriFlux sites located at
the University of Nebraska-Lincoln Agricultural Research and Develop-
ment Center near Mead, Nebraska (NE), USA, were studied during
eight growing seasons from 2001 through 2008. These three sites are
all approximately 60-ha fields located 1.6 km of each other. Site 1
(Us-Ne1: public.ornl.gov/ameriflux/Site_Info/siteInfo.cfm?KEYID=us.
mead_maize.01) is planted in continuousmaize equippedwith a center
pivot irrigation system. Site 2 (Us-Ne2: public.ornl.gov/ameriflux/
Site_Info/siteInfo.cfm?KEYID=us.mead_maize_soybean_irrigated.01)
and site 3 (Us-Ne3: public.ornl.gov/ameriflux/Site_Info/siteInfo.cfm?
KEYID=us.mead_maize_soybean_rainfed.01) are both planted in
maize–soybean rotation and maize was planted in odd years. Site 2 is
irrigated in the sameway as site 1, while site 3 relies entirely on rainfall
for moisture. More details about the cropmanagement and field history
of these study sites are available in Verma et al. (2005).

2.2. Eddy covariance GPP flux measurements

Each study site was equipped with an eddy covariance tower and
meteorological sensors, with which the continuous measurements of
CO2 fluxes, water vapor and energy fluxes were obtained every hour.
Daytime net ecosystem exchange (NEE) values were computed by in-
tegrating the hourly CO2 fluxes collected during a day when PARin

exceeded 1 μmol/m2/s. Daytime estimates of ecosystem respiration
(Re) were obtained from the night CO2 exchange–temperature rela-
tionship (e.g., Xu & Baldocchi, 2003). The GPP was then obtained by
subtracting Re from NEE as: GPP=NEE−Re. GPP values were
presented in the unit of gC/m2/d, and the sign convention used here
was such that CO2 flux to the surface was positive so that GPP was al-
ways positive and Re was always negative (Verma et al., 2005).

2.3. Ground-observed incoming PAR

Point quantum sensors (LI-190, LI-COR Inc., Lincoln, Nebraska)
were placed in each study site, 6 m above the surface pointing toward
the sky, to measure hourly incoming PAR (PARin). Daytime PARin

values were computed by integrating the hourly measurements
during a day when PARin exceeded 1 μmol/m2/s. Daily PARin values
were presented in MJ/m2/d (Turner et al., 2003).

2.4. Potential PAR

Potential PAR (PARpotential) is the maximal value of PARin that may
occur when the concentrations of atmospheric gases and aerosols are
minimal (Gitelson et al., 2012). Representing the seasonal changes in
hours of sunshine (i.e. day length), PARpotential does not account for
high frequency variation of incoming radiation related to daily
weather conditions. In this study, we calculated PARpotential using
ground-observed PARin values. Since the daylight duration is mainly
determined by the day of a year (DOY) and geographic location, we
created profiles of PARpotential as functions of DOY for sites located in

187Y. Peng et al. / Remote Sensing of Environment 128 (2013) 186–196



Author's personal copy

Nebraska, based on daytime PARin obtained during 2001–2008. For
each DOY, a maximal PARin value was found in the 8-day-PARin win-
dow centered on that particular DOY. The best-fit functions of the re-
lationships between maximal PARin and DOY were found for each
year and the variation among the years was very small (coefficient
of variation below 3.5% — Gitelson et al., 2012; Peng, 2012). Thus,
the PARpotential was calculated as the maximal PARin value for each
DOY during an 8 year period.

2.5. Shortwave radiation

The spectral range of shortwave radiation (SW) is 300–4000 nm:
it includes specific bands of water vapor absorption and PAR (400–
700 nm). Following Sakamoto et al. (2011, 2010), the daily SW data
of the reanalysis dataset (North American Land Data Assimilation Sys-
tem, NLDAS-2) was used as a proxy of PARin. The footprint of one SW
pixel (spatial resolution: 1/8°, ca. 11 km at the sites) covers all three
Nebraska sites. NLDAS-2 land-surface forcing files are derived from
the analysis fields of the National Centers for Environmental Predic-
tion (NCEP) North American Regional Reanalysis (Fang, 2009).
There is a close relationship between PARin, retrieved from the
reanalysis SW data, and observed PARin with determination coeffi-
cients R2=0.76 (Sakamoto et al., 2011, 2010). Thus, it seemed rea-
sonable to substitute SW for PARin observations to detect the high
frequency variation of incoming light intensity.

2.6. Vegetation indices retrieved from MODIS 250 m data

AMODIS pixel located near the center of each flux site was used to
represent the footprint. Due to limited spectral resolution (only red
and NIR bands are available in MODIS 250 m data), three Chl-related
VIs were examined in this study: NDVI (Rouse et al., 1974), EVI
(Huete et al., 1997) andWDRVI (Gitelson, 2004). MODIS NDVI was re-
trieved from MODIS 250 m surface reflectance data (MOD09Q1). EVI
was calculated using NIR and red reflectance of MOD09Q1 with blue
reflectance of MOD0A1 (500 m resolution), which was resampled
with the nearest neighbor method to 250 m resolution:

EVI ¼ ρNIR � ρRedð Þ= ρNIR þ 6� ρRed � 7:5� ρblue þ 1ð Þ:

MODISWDRVI was calculated using MODIS NDVI product as (Viña
& Gitelson, 2005):

WDRVI ¼ α−1ð Þ þ α þ 1Þ×NDVIð �= α þ 1ð Þ þ α−1Þ×NDVIð �:½½

Since WDRVI may be negative for low vegetation density, in this
study, we used scaled WDRVI (Peng & Gitelson, 2011) with, α=0.3,
which ranged from 0 to 1.56:

Scaled WDRVI ¼ α−1ð Þ þ α þ 1ð Þ � NDVI½ �= α þ 1ð Þ þ α−1ð Þ � NDVI½ �
þ 1−αð Þ= 1þ αð Þ:

Even though the surface reflectance used to calculate the VIs were
atmospherically corrected, the observed VI time-series were liable to
include various residual noise components resulting in an erratic time
series behavior andmany sharp spikes in VI values. In addition, obser-
vational day of time-series VIs, derived from MODIS-8-day composite
products, was not recorded in regular intervals. Therefore, a wavelet-
based filter was applied for removing the high-frequency noise com-
ponents to produce a daily smoothed VI profiles in the same manner
as Sakamoto et al. (2011, 2010). In the preprocessing scheme, the po-
tential cloud-covered pixels were detected by blue reflectance (as it
was greater than 0.2). This threshold of blue reflectance was
established empirically and widely used (e.g., Sakamoto et al., 2007;
Thenkabail et al., 2005; Xiao et al., 2006). Then, available observations
were linearly interpolated in reference to the observation-date data
recorded in MOD09A1 product.
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the growing seasons 2001 through 2008 created for Mead, Nebraska.
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3. Results and discussion

3.1. PARpotential and PARin on daily basis

The ground-observed daily PARin values and the PARpotential profile
created for Nebraska sites during the growing seasons 2001 through
2008 are shown in Fig. 1, and the histogram of the difference of
PARin and PARpotential, (PARpotential−PARin)/PARpotential, is presented
in Fig. 2A. The eastern part of Nebraska (e.g. study sites in Mead)
has a humid continental climate, with hot and sunny summers,
which are the main growing seasons for maize and soybean. 1554
out of 2834 days during eight growing seasons were under clear at-
mospheric conditions with (PARpotential−PARin)/PARpotential smaller
than 20%, as were the conditions for most Landsat acquisition dates
over the same area (Gitelson et al., 2012). The images taken at such
days may be qualified for providing good pixel reflectance values to
8-day MODIS composite product. 2235 out of 2834 days during
eight growing seasons were in condition of (PARpotential−PARin)/
PARpotential lower than 40%, as was the maximum difference between
PARin and PARpotential that occurred for Landsat acquisition dates dur-
ing the same period (Gitelson et al., 2012). In the Landsat dataset, col-
lected over an 8 year period, only few clear images were acquired
during the growing season (4–10 images, less than 9% of the
daily-smoothed MODIS dataset). In contrast, as shown in Fig. 2B for

daily-smoothed MODIS data, 55% of MODIS images were obtained
when (PARpotential−PARin)/PARpotential was below 20%, and 78% of
images were obtained when (PARpotential−PARin)/PARpotential was
below 40%. Thus, as expected, the information content of MODIS
250 data was much higher than that of Landsat data.

3.2. GPP estimation by the product of VI and PARin, SW and PARpotential

The relationships between GPP and the products of VI×PARin,
VI×SW and VI×PARpotential, established for Nebraska sites on days
when (PARpotential−PARin)/PARpotential was below 20% during grow-
ing seasons 2001 through 2008 are presented in Fig. 3. In both
maize and soybean, the relationships were close with determination
coefficient (R2) above 0.87 for maize and 0.78 for soybean. For all
three models using PARin, SW and PARpotential, the best-fit functions
NDVI vs. GPP were nonlinear, while they were linear for EVI and
WDRVI. The value of R2 may be misleading when the best fit function
is nonlinear, because it represents only the overall dispersion of the
points from the regression line regardless of shapes of relationships
(Nguy-Robertson et al., 2012; Viña & Gitelson, 2005). As shown in
Fig. 3, the models with NDVI tended to be saturated as GPP exceeded
20 gC/m2/d in maize and 10 gC/m2/d in soybean. The sensitivity of
the models that used NDVI decreased drastically as GPP increased:
for almost the same value of the products of NDVI and PARin, SW or
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PARpotential, GPP ranged from 20 to 30 gC/m2/d in maize and from 13
to 20 gC/m2/d in soybean.

The accuracy of GPP estimation using NDVI, EVI and WDRVI was
assessed in terms of noise equivalent (NEΔGPP) calculated as (Viña
& Gitelson, 2005):

NEΔGPP ¼ SE VI� PARvs:GPPf g=d VI� PARð Þ=d GPPð Þ

where SE{VI×PAR vs. GPP} is the standard error (SE) of the relationship
VI×PAR vs. GPP, and d(VI×PAR)/d(GPP) is the first derivative of
VI×PAR with respect to GPP. This metric considers both the shape
and scattering of the points of the best fit relationship (Viña &
Gitelson, 2005; Viña et al., 2011). NDVI wasmost accurate in estimating
low GPP values (below 15 gC/m2/d in maize and below 10 gC/m2/d in
soybean), but became less sensitive to moderate-to-high GPP. The NE
ΔGPP of NDVI increased hyperbolically at least two-fold when GPP
was above 25 gC/m2/d in maize and 15 gC/m2/d in soybean (Fig. 4).
Models with EVI and WDRVI remained sensitive to the whole range of
GPP variation (constant NEΔGPP values), and they were more accurate
than NDVI in estimating moderate to high GPP.

It is also worth noting that for all three models, the accuracy of
GPP estimation in soybean was lower than in maize (Figs. 3 and 5).
This is consistent with the observation using Landsat data, which
was explained by hysteresis of GPP/PAR vs. NIR reflectance relation-
ship (details in Gitelson et al., 2012).

Determination coefficients R2 were high for all three models using
SW, PARin and PARpotential. However, for all three indices tested in this
study, in both maize and soybean, the R2 was lower when using
VI×SW than VI×PARin or VI×PARpotential (R2 was 0.89 vs. 0.92 for
maize, and 0.83 vs. 0.88 for soybean). VI×PARpotential and VI×PARin

were both closely related to GPP with the former performing slightly
better (Fig. 3).

EVI andWDRVI appeared to be the best indices for GPP estimation.
The accuracy of three models, GPP=VI×PARpotential, GPP=VI×PARin

and GPP=VI×SW, for GPP estimation using EVI and WDRVI were
compared (Tables 1a and 1b, Fig. 5). The model with SWwas substan-
tially less accurate than the model with PARpotential or PARin. This is
due to the uncertainties of using SW as a proxy of PARin in the
model (Sakamoto et al., 2011, 2010), which has many outliers
(Fig. 3), thus, much higher SE and CV values.

For both indices, EVI and WDRVI, the model with PARpotential was
consistently more accurate than the model with PARin: the model
using PARin had at least 6% higher SE for EVI in soybean (1.86 vs.
1.75 gC/m2/d) and more than 15% higher SE for WDRVI in maize (2.31
vs. 2.04 gC/m2/d) — Tables 1a and 1b. This is in accord with results
obtained from Landsat data over the same sites (Gitelson et al., 2012).

3.3. GPP estimation in water-stressed crops

The VI-PAR-based models were developed for assessing vegeta-
tion GPP via estimation of total canopy Chl content by using VI related
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to canopy Chl content. Such models do not account for the short-term
(minutes to hours) environmental stresses (e.g., temperature, humid-
ity, and soil moisture, among others), which may not immediately af-
fect the canopy Chl content but may affect GPP. Such kind of stresses
cannot be estimated using MODIS daily data. However, it was shown
that MODIS data allowed estimating day-to-day crop GPP variation
(e.g., Sakamoto et al., 2011, 2010). We examined the sensitivity of
the VI-PARpotential-based model to detect response of maize daily
GPP to water deficiency, analyzing the performance of the model in
irrigated and rainfed maize fields. Year 2003 had significant drought
periods from DOY (day of year) 199 to 209 and from DOY 216 to
272 (Suyker & Verma, 2010). In July and August, the precipitation
was 60 mm/month below normal, and the air temperature during
these two months was higher than normal: 0.8 °C higher in July and
1.9 °C higher in August (Suyker & Verma, 2010). The studied irrigated
and rainfed sites were within 1.6 km of each other, thus, the concur-
rent measurements in these two sites were taken under the same cli-
mate and illumination conditions. So, the water supply was the major
difference between these irrigated and rainfed sites.

As shown in Fig. 6A, measured GPP values in the irrigated and
rainfed sites were very close from DOY 150 to 190 when no water
stress was detected (Suyker & Verma, 2010). As the drought period
began (around DOY 200), the soil moisture at the depth of 10 cm in
the rainfed site sharply decreased by more than 30% (from 0.42 m3/
m3 to 0.22 m3/m3), and GPP in the rainfed site became lower than
in the irrigated site. This discrepancy between GPP in the irrigated
and rainfed sites became significant during the dry period DOY
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14

16

18

20

22

24

26

C
V

, %

WDRVI

EVI

VI*SW VI*PARin VI*PARpotential

VI*SW VI*PARin VI*PARpotential

A

14

16

18

20

22

24

26

C
V

, %

WDRVI

EVI

B

Fig. 5. Coefficients of variation (CV) of GPP estimation using VI×SW, VI×PARin and
VI×PARpotential using EVI and WDRVI in (A) maize and (B) soybean.

Table 1a
Relationships: GPP vs. VI∗PARin, GPP vs. VI∗SW and GPP vs. VI∗PARpotential withWDRVI
and EVI, established for maize sites in Mead, Nebraska during 2001 through 2008 on
days when (PARpotential−PARin)/PARpotential was below 20%. Best fit functions, deter-
mination coefficients (R2) and standard errors (SE) are presented. Maize GPP ranged
from 0 to 30 gC/m2/d.

Model GPP=VI×SW GPP=VI×PARin GPP=VI×PARpotential

WDRVI
Best fit function GPP=0.08x

−5.40
GPP=0.42x+
3.39

GPP=0.47x
+3.78

R2 0.89 0.92 0.94
SE, gC/m2/d 2.70 2.31 2.04

EVI
Best fit function GPP=0.13x

−4.17
GPP=3.49x
−4.92

GPP=3.18x
−5.29

R2 0.89 0.92 0.93
SE, gC/m2/d 2.77 2.40 2.15

Table 1b
Relationships: GPP∝VI∗PARin, GPP∝VI∗SW and GPP∝VI∗PARpotential with WDRVI
and EVI, established for soybean in Mead, Nebraska during 2001 through 2008 on
days when (PARpotential−PARin)/PARpotential was below 20%. Best fit functions, deter-
mination coefficients (R2) and standard errors (SE) were given. Soybean GPP ranged
from 0 to 20 gC/m2/d.

Model GPP=VI×SW GPP=VI×PARin GPP=VI×PARpotential

WDRVI
Best fit function GPP=0.05x

−2.3
GPP=1.31x
−2.69

GPP=1.22x
−3.04

R2 0.82 0.87 0.88
SE, gC/m2/d 2.24 1.97 1.84

EVI
Best fit function GPP=0.09x

−3.22
GPP=2.26x
−3.73

GPP=2.11x
−4.12

R2 0.83 0.88 0.90
SE, gC/m2/d 2.23 1.86 1.75
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240–250 when soil moisture in the rainfed site remained very low for
more than one month and the highest water stress (represented by
the difference between irrigated and rainfed evaporative fraction —

Suyker & Verma, 2010) was detected. Importantly, during the grow-
ing season, GPP estimated by the model WDRVI×PARpotential closely
followed measured GPP, and the estimated GPP had patterns very
similar to that of measured GPP in both sites (Fig. 6A).

To further explore the sensitivity of the model to GPP variation,
causedbywater stress, the differences betweenmeasured and estimated
(by VI×PARpotential) GPP in the irrigated and rainfed fields were plotted
versus DOY (Fig. 6B). The model demonstrated ability to detect differ-
ences in daily GPP between irrigated and rainfed sites even in the very
beginning of the drought period (around DOY 200) at early stage of
stress. This may be valid not only for crop systems, but also for ecosys-
tems where vegetation greenness is closely tied to seasonal dynamic of
GPP and total Chl content is a dominant factor of GPP (e.g., Garbulsky
et al., 2011; Gitelson et al., 2006; Peng et al., 2011).

Fig. 6B shows also that early in the growing season (DOY 150 to
180), the GPP value, estimated by the model in the rainfed site, was
higher than in the irrigated site, while during this period the mea-
sured GPP values were almost the same in these two sites. One of
the reasons for that may be the different density of planting in irrigat-
ed and rainfed sites. The density of planting in the rainfed site was at
least 25% lower than in the irrigated site. Early in the season with low
to moderate vegetation fraction (30% to 50%), the light penetrated
deeper into the sparsely distributed plants (rainfed site), while light
absorption in the more densely irrigated site was somewhat limited
by the shadow by nearby plants. Therefore, light absorption was
more effective in the rainfed site (due to higher specific absorption,
fAPAR/chlorophyll — Peng et al., 2011) than in the irrigated site,
thus resulting in higher VI values in the rainfed site.

In addition to the difference in water supply, the crop hybrids
and field managements were also different during the 8 years of

observation. Eight different cultivars of maize and three cultivars of
soybean were grown in the 24 site-years, density of planting ranged
from 52,000 to 84,012 plants/ha, and nitrogen applied ranged from
90 to 293 kg N/ha among the maize sites (Peng & Gitelson, 2011).
From 2006 through 2008, site 1 was under the conservation–plow
tillage operation while site 2 and site 3 were under no-till manage-
ment. And the climatic conditions were quite different among the
8 years. For example, the mean monthly temperatures in June and
July were warmer in 2001 and 2002 than in 2003. There were obvious
dry periods during reproductive stages in 2001 and 2003 and during
vegetative stages in 2005. In contrast, 2006, 2007 and 2008 were rel-
atively wet years with no significant dry period (Suyker & Verma,
2010). All these differences existing among years and sites might
cause the uncertainties of GPP estimation using a VI-PAR-based
model.

To understand how models estimated GPP in different sites, we
established the relationships of GPP vs. VI×PAR, with PARin and
PARpotential, for each site with samples taken from different years
combined for irrigated maize (site 1: 2001, 2003, 2005 and 2007
and site 2: 2001, 2003, 2005 and 2007) and rainfed maize (site 3:
2001, 2003, 2005 and 2007), for irrigated soybean (site 2: 2002,
2004, 2006 and 2008) and rainfed soybean (site 3: 2002, 2004, 2006
and 2008), and then compared R2, SE and CV for the difference
(PARpotential−PARin)/PARinb20% and (PARpotential−PARin)/PARinb40%
(Tables 2a and 2b). For two irrigated maize sites (site 1 and site 2), the
accuracy of GPP estimationwas almost the same. It means the difference
in crop hybrids, planting densities and tillage operations only affected
the accuracy of the model slightly. In both maize and soybean, the
model accuracy for the rainfed site was somewhat lower than for irrigat-
ed site. For each year, the model was able to estimate GPP in the rainfed
and irrigated sites very accurately (e.g., Fig. 6A for the data in 2003).
However, the relationships for different years in the rainfed site deviated
more from each other than in the irrigated site, thus resulting in

0

5

10

15

20

25

30

140 190 240 290

G
P

P,
 g

C
/m

2/
d

DOY

Measured GPP in irrigated site

Measured GPP in rainfed site

Estimated GPP in rainfed site

Estimated GPP in irrigated site

A B

0.20

0.25

0.30

0.35

0.40

0.45

-10

-8

-6

-4

-2

0

2

4

6

140 160 180 200 220 240 260 280

So
il 

m
oi

st
ur

e 
in

 r
ai

nf
ed

 s
it

e,
 m

3 /
m

3

G
P

P 
ra

in
fe

d 
-

G
P

P
ir

ri
ga

te
d,

 g
C

/m
2 /

d

DOY

Estimated difference
Measured difference
soil moisture in rainfed site
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Table 2a
Determination coefficients (R2), standard errors (SE) and coefficients of variation (CV) of GPP estimation in maize using WDRVI∗PAR with PARin and PARpotential for irrigated site 1
and site 2 and rainfed site 3, Mead, NE in 2001, 2003, 2005 and 2007. N is the number of samples used for developing the relationship.

GPP=VI∗PAR, maize (PARpotential−PARin)/PARinb20% (PARpotential−PARin)/PARinb40%

PAR Site 1 irrigated
(N=260)

Site 2 irrigated
(N=281)

Site 3 rainfed
(N=270)

Site 1 irrigated
(N=386)

Site 2 irrigated
(N=392)

Site 3 rainfed
(N=375)

R2 PARin 0.93 0.92 0.91 0.91 0.90 0.90
PARpotential 0.95 0.95 0.93 0.94 0.94 0.92

SE, gC/m2/d PARin 2.21 2.37 2.18 2.52 2.68 2.43
PARpotential 1.94 1.92 2.00 2.04 2.13 2.20

CV, % PARin 13.4 14.6 15.2 15.9 16.6 17.2
PARpotential 11.7 11.8 14.0 12.8 13.2 15.5
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somewhat higher estimation errors when developing a unified algo-
rithm with samples from different years combined.

3.4. Relationships of EVI with ρNIR and ρred

It is interesting to note that there were more scattering of points
from best-fit functions for products using EVI than those using other
indices, especially for maize at moderate to high GPP (Fig. 3). To un-
derstand the reason for that, the relationships EVI vs. ρNIR and EVI
vs. (ρNIR−ρred) were studied using data retrieved from 8-day com-
posite MODIS products for both maize and soybean in three irrigated
and rainfed fields from 2001 through 2008 (Fig. 7). Throughout the
eight-year growing seasons, EVI was closely related to ρNIR with R2

above 0.84, and this close relationship was observed in both maize

and soybean, which are two different crop types with contrasting
leaf structures and canopy architectures (Fig. 7A). It was especially
pronounced for moderate to high vegetation density (as EVI exceeded
0.4) when red reflectance was small (below 4%) and almost invariant,
and EVI was solely related to ρNIR that was above 30%. Thus, NIR re-
flectance was the main factor governing EVI for moderate to high veg-
etation density.

In both maize and soybean, the relationship EVI vs. ρNIR−ρred was
extremely close with R2 above 0.98 (Fig. 7B). In reality, EVI behaved
as a difference between NIR and the red reflectance, not as normal-
ized difference (Fig. 7B). Since NIR reflectance plays the main role in
EVI formulation and it may be affected by many factors (e.g., view
angle, leaf orientations, canopy architecture), EVI tends to be noisier
than the other normalized difference indices.

The strong relationship EVI vs. (ρNIR−ρred) explains much higher
sensitivity of EVI than NDVI to moderate-to-high vegetation density,
since light scattering (and, thus, ρNIR) increases with increase of veg-
etation density. This also helps to understand recent findings at three
flux tower sites (Harvard Forest, Howland Forest and Morgan Monroe
State Forest) that EVI was significantly affected by view angles (Sims
et al., 2011). The authors found a substantial variation in the view
angle sensitivity of EVI across seasons, and this variation was different
for backscattering vs. forward scattering data.

3.5. Limitation of GPP model using PARin

The VI-PARin-based model is developed based on Monteith's
model (Monteith, 1972, 1977), which assumes that for the same
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Table 2b
Determination coefficients (R2), standard errors (SE) and coefficients of variation (CV)
for GPP estimation in soybean using WDRVI∗PAR with PARin and PARpotential for site 2
and site 3, Mead, NE in 2002, 2004, 2006 and 2008. N is the number of samples used for
developing relationship.

GPP=VI∗PAR, soybean (PARpotential−PARin)/
PARinb20%

(PARpotential−PARin)/
PARinb40%

PAR Site 2
irrigated
(N=248)

Site 3
rainfed
(N=244)

Site 2
irrigated
(N=352)

Site 3
rainfed
(N=348)

R2 PARin 0.88 0.85 0.83 0.81
PARpotential 0.89 0.87 0.87 0.85

SE, gC/m2/d PARin 1.90 2.02 2.13 2.21
PARpotential 1.78 1.91 1.80 1.93

CV, % PARin 19.0 20.0 21.9 24.5
PARpotential 17.8 21.1 18.5 21.5
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fraction of absorbed photosynthetically active radiation, fAPAR, GPP
linearly relates to PARin and that light use efficiency (LUE) is constant
for the same crop species. However, some studies have shown that
these assumptions do not hold in many cases (e.g., Suyker et al.,
2005).

To investigate how variations of PARin and LUE affect GPP, daily
available GPP and PARin data were used in conjunction with daily
MODIS VI products. To analyze the response of GPP to variation of
PARin, pairs of events with the same crop chlorophyll/fAPAR should
be found. To meet this requirement, the pairs were selected as the dif-
ference in MODIS-retrieved VIs for the two events was below 1%.
Thus, for each pair of events, the change in crop Chl content/fAPAR
was minimal. Usually, such events appeared at two close dates

(time interval was less than 3 days), so the crop physiological
and phenological states in both events were quite similar. Pairs of
events were also selected under conditions of low aerosol loadings
when crop photosynthesis was not light limited: the difference
(PARpotential−PARin)/PARpotential for each selected pair was below
20%. Therefore, assuming that fAPAR was the same for each pair, the
variation of GPP was related only to variation of PARin and LUE. In
total, 162 pairs data from maize fields (86 for irrigated sites and 76
for rainfed sites) and 220 pairs data from soybean sites (114 for irri-
gated fields and 106 for rainfed sites) were selected during the grow-
ing seasons 2001 through 2008.

For each pair, the GPP variation (ΔGPP) and PARin variation
(ΔPARin) in a percentage were calculated and compared. According
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to Monteith's model, for each pair (when crop fAPAR was invariant
and LUE assumed to be a constant for the two events) ΔGPP should
be equal to ΔPARin. However, for both irrigated and rainfed maize
and soybean, it was a cluster of points (Fig. 8). The same pattern
of ΔGPP vs. ΔPARin relationship was found when the difference
(PARpotential−PARin)/PARpotential for each selected pair was below
40% (not shown). In the contrasting crop types (maize vs. soybean)
under different water treatments (irrigated vs. rainfed), GPP did not
follow PARin. For the same PARin (ΔPARin=0), GPP varied widely.
Thus, when crop fAPAR and PARin did not change, other factors
(e.g., temperature, soil moisture, and humidity) did affect GPP (e.g.,
Suyker and Verma, 2010). As PARin decreases/increases, GPP may al-
most remain the same. Some research has shown that crop could ad-
just itself to variation of the incoming radiation, thus not causing
immediate changes of GPP. For example, photo-protection mecha-
nisms were likely invoked to prevent excess light damages to photo-
synthetic processes (e.g., Bjorkman & Powles, 1984; Kasahara et al.,
2002). As PARin fluctuates with daily weather conditions, there are
quite a lot of uncertainties in GPP variation, which may relate to
many factors such as crop physiological status and light climate inside
the canopy that affect absorbed PAR and LUE. Therefore, the use of
PARin in the model may introduce noise and unpredictable uncer-
tainties in GPP estimation. In contrast, using PARpotential reduced, to
some degree, such noise of the model.

To compare efficiency of using PARin and PARpotential in the models,
CV of the models with PARin and PARpotential was plotted versus differ-
ence (PARpotential−PARin)/PARpotential (Fig. 9). When the difference
(PARpotential−PARin)/PARpotential increased (as more and more data
taken under cloudy or hazy weather conditions were included), the
accuracy of both models decreased. However, for all indices tested,
NDVI, EVI and WDRVI, the models using PARpotential had smaller CV
values for the whole range of PARin variation in soybean and with
the difference well above 60% for maize. In maize, as the difference
between PARpotential and PARin exceeded 60%, the discrepancy be-
tween GPP estimates by a product of VI×PARpotential and measured
GPP increased, so the use of PARin in the models is preferable. For soy-
bean data, the model with PARin was consistently inferior to the
model with PARpotential. Thus, with all three MODIS-retrieved vegeta-
tion indices in both maize and soybean, the model using PARpotential

appeared to be more accurate for GPP estimation during conditions
when the difference (PARpotential−PARin)/PARpotential was below 60%.

4. Conclusions

The model using the product of MODIS-retrieved vegetation indices
and potential PAR was able to accurately estimate GPP in irrigated and
rainfed croplands. EVI and WDRVI were accurate in estimating GPP
with standard error (SE) below 2.15 gC/m2/d and coefficient of varia-
tion (CV) of less than 15.2% for maize, and SE below 1.75 gC/m2/d and
CV less than 20.1% for soybean. The GPP estimation model with
PARpotential was more accurate than the models with PARin or SW
under a condition when difference between PARin and PARpotential was
below 60%. This model was quite sensitive to GPP variation in both irri-
gated and rainfed crops where total chlorophyll content is closely tied
to the seasonal dynamic of GPP. The approach allows for accurate high
temporal resolution monitoring of crop GPP using solely MODIS
250 m data.

This study provides a tool for accurate estimation of cropGPP using a
product of MODIS-retrieved VI and PARpotential. However, it is recog-
nized that this model does not take into account GPP variation that
was not accompanied by crop Chl changes, which may be caused by
short-term (minutes to hours) stresses. PARpotential varies in different
geographic locations as latitude changes. It is not clear how location dif-
ference affects GPP estimationmodel that uses PARpotential, andwhether
algorithms calibrated in one geographic region could be used for very
different latitudes with no re-parameterization. Therefore, it is essential

to test accuracy of theGPP estimationmodel, presented in this study, for
other geographic locations, as well as for other crop types. In addition,
the in-depth analysis of GPP response to PARin variation needs to be
further explored.

In this paper, maximal values of measured PARin as a surrogate for
PARpotential have been used. The next step is to calculate PARpotential

using radiative transfer approaches and to test the model using
MODIS data with calculated daily PARpotential. Having 12 years GPP
data at three Nebraska AmeriFlux sites (2001–2012) will allow com-
prehensive testing of the model based solely on remotely sensed data.
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